Abstract-This paper uses intraday electricity demand data from ten European countries as the basis of an empirical comparison of univariate methods for prediction up to a day-ahead. A notable feature of the time series is the presence of both an intraweek and an intraday seasonal cycle. The forecasting methods considered in the study include: ARIMA modeling, periodic AR modeling, an extension for double seasonality of Holt-Winters exponential smoothing, a recently proposed alternative exponential smoothing formulation, and a method based on the principal component analysis (PCA) of the daily demand profiles. Our results show a similar ranking of methods across the 10 load series. The results were disappointing for the new alternative exponential smoothing method and for the periodic AR model. The ARIMA and PCA methods performed well, but the method that consistently performed the best was the double seasonal Holt-Winters exponential smoothing method.
I. INTRODUCTION

E
LECTRICITY demand forecasting is of great importance for the management of power systems. Long-term forecasts of the peak electricity demand are needed for capacity planning and maintenance scheduling [1] . Medium-term demand forecasts are required for power system operation and planning [2] . Short-term load forecasts are required for the control and scheduling of power systems. Short-term forecasts are also required by transmission companies when a self-dispatching market is in operation. There are several such markets in Europe and the U.S. For example, in Great Britain, one-hour-ahead forecasts are a key input to the balancing market, which operates on a rolling one-hour-ahead basis to balance supply and demand after the closure of bilateral trading between generators and suppliers [3] , [4] . More generally, error in predicting electricity load has significant cost implications for companies operating in competitive power markets [5] .
It is well recognized that meteorological variables have a very significant influence on electricity demand (see, for example, [6] ). However, in online short-term forecasting systems, multivariate modeling is usually considered impractical [7] . In such systems, the lead times considered are less than a day-ahead, and univariate methods can be sufficient because the meteorological variables tend to change in a smooth fashion, which will be captured in the demand series itself. Indeed, univariate models are often used for prediction up to about four to six hours ahead, and, due to the expense or unavailability of weather forecasts, univariate methods are sometimes used for longer lead times. In a recent study [8] , methods for short-term load forecasting are reviewed, and two intraday load time series are used to compare a variety of univariate methods. One of the aims of this paper is to validate the results of that study. It concluded that a double seasonal version of Holt-Winters exponential smoothing was the most accurate method, with a new approach based on principal components analysis (PCA) also performing well. Using time series of intraday electricity demand from 10 European countries, we empirically compare the better methods identified in [8] and also the following two new candidate methods: an intraday cycle exponential smoothing method (see [9] ), and a new periodic AR approach, which we believe has not previously been considered for electricity demand forecasting. All of the methods are specifically formulated to deal with the double seasonality that typically arises in demand data. This seasonality involves intraday and intraweek seasonal cycles.
Artificial neural networks (ANNs) have featured prominently in the load forecasting literature (see [10] ). Their nonlinear and nonparametric features have been useful for multivariate modeling in terms of weather variables. However, their usefulness for univariate short-term load prediction is less obvious. Indeed, the results in [8] for the ANN were not competitive. Although we accept that a differently specified neural network may be useful for univariate load modeling, in this paper, for simplicity, we do not include an ANN. We would hope that the better performing methods in our study can serve as benchmarks in future studies with ANNs.
The paper is structured as follows: Section II describes the electricity demand data; Section III describes the methods included in the study; Section IV presents the post-sample results of a comparison of the short-term forecasts with lead times up to one day ahead; and Section V summarises the results and concludes the paper.
II. THE TEN EUROPEAN ELECTRICITY DEMAND SERIES
Our dataset consisted of intraday electricity demand from 10 European countries for the 30 week period from Sunday, 3 April 2005 to Saturday, 29 October 2005. We obtained half-hourly data for six of the countries, and hourly data for the remaining four. The first 20 weeks of each series were used to estimate parameters and the remaining ten weeks to evaluate post-sample accuracy of forecasts up to 24 hours ahead. For the half-hourly series, this implies 6720 observations for estimation and 3360 0885-8950/$25.00 © 2007 IEEE TABLE I  MEAN LOAD AND POPULATION FOR THE TEN COUNTRIES for evaluation. For the hourly series, 3360 observations were used for estimation and 1680 for evaluation. We represent the lengths of the intraday and intraweek cycles as and , respectively. For the half-hourly demand series, and , and for the hourly series and . Electricity demand on "special days", such as bank holidays, is very different to normal days and can give rise to problems with online forecasting systems. In practice, interactive facilities tend to be used for special days, which allow operator experience to supplement or override the standard forecasting system. In our study, we smoothed out these unusual observations by taking averages of observations from the corresponding period in the two adjacent weeks. Table I lists the ten countries along with the mean electricity demand for the 30 week period and, in order to give a feel for the size of the countries, we also list their respective populations. For illustrative purposes, in Fig. 1 , we plot the time series for France, Finland and Ireland. The decrease in French demand during August is due to the summer vacation. The Irish series maintains a relatively constant level throughout the 30-week period. By contrast, the Finnish data shows a temporary level shift in the first half of the series. This was due to inactivity in the paper industry, which was caused by a large conflict in contract negotiations between the workers and employers. Fig. 2 shows the French series for the fortnight in the middle of the 30-week period. This graph shows a within-day seasonal cycle of duration periods and a within-week seasonal cycle of duration periods. The weekdays show similar patterns of demand, whereas Saturday and Sunday have different levels and profiles. The intraweek and intraday features in Fig. 2 are typical of those in all ten series.
III. FORECASTING METHODS
A. Simplistic Benchmark Methods
We implemented two naïve benchmark methods. The first was a seasonal version of the random walk, which takes as a forecast the observed value for the corresponding period in the most recent occurrence of the seasonal cycle. With two seasonal cycles, it seems sensible to focus on the longer cycle, so that the prediction is constructed simply as the observed value for the corresponding period in the previous week. The forecast function is written as , where is the demand in period , and is the forecast lead time . The second simplistic benchmark that we used was the simple average of the corresponding observations in each of the previous four weeks. For this method, the forecast function is
B. Seasonal ARMA Modeling
Double seasonal ARMA models are often used as benchmarks in load forecasting studies (e.g., [1] , [8] , [11] , [12] ). For each of the 10 load series, we followed the Box-Jenkins methodology to identify the most suitable model based on the estimation sample of 20 weeks. We considered differencing, but the resultant models had weaker diagnostics than models fitted with no differencing. The multiplicative double seasonal ARMA model (see [13, p. 333 ]) can be written as where is a constant term; is the lag operator; is a white noise error term; and are polynomial functions of orders and , respectively. The model can be expressed as ARMA . We estimated the models using maximum likelihood with the likelihood function based on the standard Gaussian assumption. We considered lag polynomials up to order three. This choice was made arbitrarily, but it is consistent with other load forecasting studies, and it was supported by experimentation with several of the series. We based model selection on the Schwarz Bayesian Criterion, with the requirement that all parameters were significant (at the 5% level).
C. Periodic AR Models
In intraday electricity demand time series, the intraday seasonal cycle is usually reasonably similar for the five weekdays, but quite different for the weekends. This implies that the autocorrelation at a lag of one day is time-varying across the days of the week. Such time-variation cannot be captured in the seasonal ARMA model described in the previous section. A class of models that can capture this feature is periodic ARMA models. In these models, the parameters are allowed to change with the seasons [14] . Such models have been shown to be useful for modelling economic data (e.g., [15] ). In the electricity context, periodic models have been considered with some success in studies investigating methods for forecasting intraday net imbalance volume [4] and daily electricity spot prices [16] .
To assess the potential for periodic ARMA models, we examined whether the autocorrelation at a specified lag exhibited variation across the periods of the day or the week. For example, for the half-hourly French series, Fig. 3 shows how the autocorrelation at lag varies across the half-hours of the week. The first period of the x-axis corresponds to the first period on a Sunday. The autocorrelation values were calculated from just the 20-week in-sample period. Although the sample size is not sufficiently large to conclude with confidence, the variation in the autocorrelation in this plot, and in similar graphs for the other series, suggested to us that there was some appeal in estimating periodic ARMA models for our data.
Studies have shown that periodic MA terms are unnecessary (see [14, p. 28] ), and so for simplicity, in our work, we considered only periodic AR models. More specifically, we estimated models with periodicity in the coefficient of AR terms of lag . The formulation for this method is presented in the following expressions:
where and are repeating step functions that number the periods within each day and week, respectively. For example, for the half-hourly series, counts from 1 to 48 within each day, and counts from 1 to 336 within each week. and are constant parameters. The periodic parameter, , uses a similar flexible fast Fourier form to that employed in an analysis of the volatility in intraday financial returns [17] . For simplicity, we arbitrarily chose to sum from to 4 for all ten-series. The parameters were estimated using maximum likelihood.
D. Double Seasonal Holt-Winters Exponential Smoothing
Exponential smoothing has found widespread use in automated applications, such as inventory control. The seasonal Holt-Winters method has been adapted in order to accommodate the two seasonal cycles in electricity demand series [18] . This involves the introduction of an additional seasonal index and an extra smoothing equation for the new seasonal index. The multiplicative formulation for the double seasonal Holt-Winters method is given in the following expressions:
where is the smoothed level; and are the seasonal indices for the intraday and intraweek seasonal cycles, respectively; and are the smoothing parameters; and is the stepahead forecast made from forecast origin (where ). The term involving the parameter , in the forecast function (4), is a simple adjustment for first-order autocorrelation. A trend term was included in the original formulation, but we found it not to be of use for our 10 series.
An important point to note regarding the double seasonal Holt-Winters exponential smoothing approach is that, by contrast with ARIMA modeling and the majority of other approaches to short-term demand forecasting, there is no model specification required. This gives the method strong appeal in terms of simplicity and robustness.
The initial smoothed values for the level and seasonal components are estimated by averaging the early observations. The parameters are estimated in a single procedure by minimizing the sum of squared one step-ahead in-sample errors. We constrained the parameters to lie between zero and one. The resultant parameters for the 10 load series are presented in Table II . For many of the series, the value of is very high and the value of is very low indicating that the adjustment for first-order autocorrelation has, to a large degree, made redundant the smoothing equation for the level. It is also interesting to note that, for a given series, the values are similar for the two smoothing parameters, and for the seasonal indices. We also implemented a version of the method with the optimized values of and constrained to be identical, and with so that the level was set as a constant value equal to the mean of the in-sample observations. This formulation delivered predictions only marginally poorer than the full method given in expressions (1) to (4). This is somewhat surprising, given that this reformulation of the method involves just two parameters.
From a theoretical perspective, exponential smoothing methods can be considered to have a sound basis as they have been shown to be equivalent to a class of state space models [19] . The double seasonal Holt-Winters formulation of expressions (1) to (4) can be expressed as a single source of the error state-space model. This model can be used as the basis for producing prediction intervals. The motivation that led us to consider periodic AR models prompted us to also consider periodicity in the parameters of the double seasonal Holt-Winters method. Disappointingly, this did not lead to improved accuracy, and so for simplicity we do not report these further results in Section IV. The issue of periodicity is addressed in the next section in an alternative exponential smoothing formulation that has recently been proposed.
E. Intraday Cycle Exponential Smoothing Model for Double Seasonality
A feature of the double seasonal Holt-Winters method is that it assumes the same intraday cycle for all days of the week, and that updates to the smoothed intraday cycle are made at the same rate for each day of the week. An alternative form of exponential smoothing for double seasonality is presented by Gould et al. in [9] . It allows the intraday cycle for the different days to be represented by different seasonal components. In addition, it allows the different seasonal components to be updated at different rates by using different smoothing parameters.
Our implementation of the method of Gould et al. involves the seasonality being viewed as consisting of the same intraday cycle for the five weekdays and a distinct intraday cycle for Saturday and another for Sunday. The days of the week are thus divided into three types: weekdays, Saturdays, and Sundays. By contrast with double seasonal Holt-Winters, there is no representation in the formulation for the intraweek seasonal cycle. Due to its focus on intraday cycles, we term this method "intraday cycle exponential smoothing". For any period , the latest estimated values of the three distinct intraday cycles are given as and , respectively. The formulation requires three Gould et al. present their approach in the form of a state space model, and we follow this convention in our presentation of the model in (5)- (7) (5) (6) (7) where is the smoothed level; is an error term; and and the are the smoothing parameters. (Expressions (6) and (7) can easily be rewritten as recursive expressions, which is the more widely used form for exponential smoothing methods.) As with the double seasonal Holt-Winters method, we estimated the initial smoothed values for the level and seasonal components by averaging the early observations. The parameters were estimated in a single procedure by minimizing the sum of squared one step-ahead in-sample errors. All parameters were constrained to lie between zero and one.
The can be viewed as a 3 3 matrix of parameters that enables the three types of intraday cycle to be updated at different rates. It also enables intraday cycle of type to be updated even when the current period is not in a day of type .
Several restrictions have been proposed for the matrix of parameters (see [9] ). We included in our empirical study two forms of the method; one involved estimation of the matrix of parameters with the only restriction being that the parameters lie between zero and one, and the other involved the additional restrictions of common diagonal elements and common off-diagonal elements. Gould et al. note that these additional restrictions lead to the method being identical to the double seasonal Holt-Winters method of expressions (1)- (4), provided seven distinct intraday cycles are used, instead of three, as in our study. In our discussion of the post-sample forecasting results in Section IV, we refer to this second form of the model as the restricted form.
We found that the results were substantially improved with the inclusion of the adjustment for first-order autocorrelation that was used in expression (4) of the double seasonal HoltWinters method. In Section IV, we report only the results for this improved form of the intraday cycle method.
F. A PCA-Based Method
PCA provides a means of reducing the dimension of a multivariate data set to a smaller set of orthogonal variables. These new variables are linear combinations of the original variables. They are uncorrelated and explain most of the variation in the data, and, for this reason, they are commonly refereed to as principal components. A method based on PCA has recently been proposed for short-term load forecasting [8] . The method aims to capture the intraday variation in electricity demand, and it can be viewed as a development of the approach where a separate model is built for each of the periods of the day (see, for example, [20] ). The method exploits the similarity between intraday observations in order to reduce the number of models to be considered. Note that this approach could easily be extended to the multivariate case, if weather related variables were available.
In this section, we present only an overview of the method, as details are provided in [8] . The method proceeds by arranging the observations as an matrix, , where is the number of days in the estimation sample. Each column contains observations for a particular intraday period. PCA is applied to the columns of to deliver components that are columns of a new matrix. For each component, a regression model is built using day of the week dummies and quadratic trend terms. The models are then used to deliver a day-ahead forecast for each component. Load predictions are created by projecting forecasts of the components back onto the space. The method is refined, and speeded up, by focusing attention on just the principal components. Cross-validation is used to optimise two parameters: the number of principal components and the length of the training period used in the PCA. In our study, the cross-validation employed the first half of the 20 week in-sample period for estimation and the second half for evaluation. We set, as optimal parameters, those delivering the minimum sum of squared one step-ahead forecast errors for the training data.
The errors resulting from this method exhibit serial correlation. As for the Holt-Winters exponential smoothing method, the method benefits by the addition of an AR model of the error process. It is worth noting that in [20] an error model was also employed in order to correct for serial correlation resulting from the use of separate models for each hour of the day. Let be the prediction error associated with a step-ahead forecast where the are parameters estimated separately for each lead time, , using LS regression applied to the estimation sample. Finally, with this model specification that now includes the error correction term above, cross-validation is used to optimize the number of principal components and the length of the training period used in the PCA. For each of our 10 load series, the optimal values are presented in Table III .
IV. POST-SAMPLE FORECASTING RESULTS
We evaluated post-sample forecasting performance from the various methods using the mean absolute percentage error (MAPE) and the mean absolute error (MAE). Having calculated the MAPE for each method at each forecast horizon, we then summarized each method's performance by averaging the MAPE across the 10 load series. For the half-hourly series, MAPE values were available for 48 half-hour lead times, while, for the hourly data, forecasts were obviously only available for 24 hourly lead times. In order to average across all the series, we focused only on the 24 hourly lead times. The resulting Mean MAPE values are presented in Fig. 4 . Averaging MAE values across the 10 series did not seem sensible because the values tended to be substantially higher for the series corresponding to higher levels of electricity demand. In view of this, for each method, we summarized the MAE performance across the 10 series by averaging, for each lead time, the ratio of the method's MAE to the MAE of the seasonal random walk benchmark method. The relative performances of the methods according to this measure were very similar to those for the Mean MAPE. In view of this, we do not plot this additional measure here. We also evaluated the methods using the root mean squared percentage error and root mean squared error, but we also do not report these results because the relative performances of the methods for these measures were very similar to those for the MAPE.
The first point to note is that Fig. 4 does not show the results for the second simplistic benchmark method that involved the simple average of the corresponding observations in each of the previous four weeks. The results for this method were poorer than those for the seasonal random walk, and so for simplicity we opted to omit the results from the figure. Turning to the more sophisticated methods, the figure shows the double seasonal Holt-Winters method performing the best, followed by the PCA method and then seasonal ARMA. Of the two versions of the intraday cycle exponential smoothing method, the restricted form appears to be better, which is consistent with the results in [9] . However, the results for both forms of this method are disappointing. This is also the case for the periodic AR method. Our view is that there is strong potential for the use of some form of periodic model, but that a longer time series may be needed to estimate the periodicity in the parameters. With regard to Fig. 3 , the use of only 20 weeks of data implies that only 19 observations were available to estimate the intraweek cyclical pattern in the autocorrelation for a given lag. In a similar way, 20 weeks of data is perhaps too little to provide adequate estimates of periodic model parameters.
We should also comment that the ranking of the methods was really quite stable across the 10 series, and that the double seasonal Holt-Winters method was consistently the best regardless of the error measure used for evaluation. For the Finland load series, which, as shown in Fig. 1 , contains level shifts in the estimation period, the post-sample MAPE values were relatively high for all methods. However, it is interesting to note that, for this series, the ranking of the methods was similar to that shown in Fig. 4 . As we explained in Section I, univariate methods tend to only be used for predicting load up to lead times of about four to six hours. In Fig. 5 , we focus more closely on the post-sample three hour-ahead results for the three methods that performed the best in Fig. 4. Fig. 5 shows the three-hour ahead Mean MAPE results plotted against time of day. The largest Mean MAPE values occur for all three methods around 8 AM, and this is because, around this time of day, demand tends to be changing more rapidly than at other periods of the day. The plot shows the double seasonal Holt-Winters method dominating at almost all periods of the day. The results for the other two methods are much closer, with the seasonal ARMA method matching the PCA method except for the periods around 8 AM.
V. SUMMARY AND CONCLUDING COMMENTS
In this paper, we have used ten time series of intraday electricity demand to compare empirically a number of univariate short-term forecasting methods. One of the aims of the paper has been to validate the findings in [8] using a substantially larger dataset. In addition to the methods that performed well in that study, we have also considered the intraday cycle exponential smoothing method (see [9] ) and a new periodic AR approach. Our results confirm the findings in [8] . All the sophisticated methods outperformed the two naïve benchmark methods, and the best performing method was double seasonal Holt-Winters exponential smoothing, followed by the method based on PCA, and then seasonal ARMA. The results for the new intraday exponential smoothing method and for the periodic AR model were a little disappointing. We suspect that the performance of the periodic AR model may improve with use of a longer time series. Our reasoning is that just 20 weeks of data may well be insufficient to capture the intraweek periodicity in a parameter. The same comment can also be applied to the intraday cycle exponential smoothing method because the approach involves the estimation of a relatively complex parameterization, which enables a form of periodic smoothing parameter.
The success of the double seasonal Holt-Winters exponential smoothing method is impressive, particularly in view of the method's simplicity. Ongoing work is aiming to gain insight into the method, with particular focus on the implication of including the autoregressive error correction term within the formulation. In terms of advising practitioners, the double seasonal Holt-Winters method would seem to be very attractive, as it is simple to understand and implement, and it has been shown to be accurate for short-term load prediction. Furthermore, the method is also appealing because of the existence of an underlying statistical model, which enables the calculation of prediction intervals. Finally, we should acknowledge that, if weather predictions are available, weather-based load forecasting methods may well be more accurate beyond about four to six hours ahead. However, for shorter lead times, the better of the univariate methods considered in this paper should be competitive. In addition, the univariate methods have strong appeal, in terms of robustness, for online load prediction.
